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Abstract.  Explicit supervised learning rules [e.g. the delta rule] require that each of the output units in a 
networ k receiv e a  trainin g signa l  indicatin g th e "correct "  respons e value ;  th e uni t  ca n the n adjus t  it s 
parameters ,  s o tha t  it s  futur e respons e t o th e sam e stimulu s i s close r  t o th e desire d value .  A  muc h mor e 
realisti c assumptio n fo r  th e natur e o f  a  supervisor y signa l  i s  a  singl e scala r  "goodness-of-response "  o r 
"reward "  signal .  Thi s credi t  assignmen t  proble m i s handle d her e b y a  supervisor y networ k whic h monitor s 
th e activitie s o f  bot h th e sensor y an d effecto r  units ,  an d learn s t o predic t  th e valu e o f  th e rewar d signa l 
usin g th e generalize d delt a rul e o f  Rumeihart ,  Hinton ,  an d William s (1986) .  Th e activit y o f  a  particula r 
"predicto r  unit "  thu s come s t o b e associate d wit h th e expecte d reward .  Havin g learne d t o mimi c th e 
environment' s rewar d criteria ,  th e supervisor y networ k ca n provid e eac h effecto r  unit ,  b y wa y o f  a 
back-propagatio n scheme ,  wit h a n individualize d correctio n signa l  tha t  wil l  lea d t o increase d activit y i n th e 
predictor .  Th e actua l  rewar d i s henc e enhance d t o th e exten t  tha t  th e predicte d rewar d i s reliable . 

T h e Proble m 

One of the most attractive features of the Parallel Distributed Processing approach to 

understanding cognition is its inherent framework for adaptation. Learning is 

implemented by mechanisms that make small adjustments to the weights such that over 

time the response becomes more appropriate in some sense. A particular mapping from 

a set of input patterns to a set of output patterns can be "programmed" in to a network 

using the so-called back-propagation algorithm, or generalized delta rule (Rumeihart, 

Hinton, and Williams, 1986). The formidable power of this modification rule as a model 

for learning in real-world situations is somewhat offset by the need for a "supervisor"; 

that is, this rule requires that learning can only take place when each output unit in 

the network is given detailed error information. This is a general problem of 

supervised learning rules, and various attempts have been made to exploit the power of 
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such rules and to eliminate the need for a supervisory signal. [A notable example is the 

encode r  networ k (Ackley ,  Hinton ,  an d Sejnowski ,  1985) ,  whic h i s taugh t  t o replicat e it s 

inpu t  patter n a s it s output ;  henc e th e inpu t  patter n provide s th e detaile d patter n o f  th e 

desire d output. ] 

Whil e feedbac k fro m th e environmen t  ma y b e inadequat e wit h regar d t o it s detail , 

feedbac k o f  som e kin d i s essentia l  fo r  effectiv e learning .  I n orde r  t o learn ,  th e respons e 

of  a n organis m mus t  b e evaluate d a t  som e level .  Thi s evaluatio n nee d no t  b e generate d 

by a  teache r  pe r  se ;  fo r  example ,  i f  a  youn g anima l  swallow s food ,  th e rewar d take s th e 

for m o f  hunge r  satisfaction .  Th e proble m o f  assignin g prope r  credi t  (o r  blame )  t o th e 

individua l  outpu t  unit s tha t  generate d th e evaluativ e feedbac k i s know n a s th e credi t 

assignmen t  problem . 

The Network Configuration 

The network described in the present paper is built in two stages. A low-level 

networ k (hencefort h L O W N E T)  map s th e sensor y inpu t  t o th e organis m int o a n effectiv e 

response ,  tha t  is ,  int o a  respons e tha t  ha s a n effec t  o n th e externa l  worl d [e.g .  a  "moto r 

response"] .  Anothe r  networ k (HIGHNET )  monitor s th e activitie s o f  bot h th e sensor y an d 

effecto r  units .  Th e probabilit y  o f  rewar d contingen t  o n respons e i s assume d t o depen d 

solel y upo n instantaneou s environmenta l  informatio n whic h i s perceivable ,  i.e .  th e 

sensor y patter n contain s informatio n sufficien t  t o determin e a  "good "  response . 

H I G H N ET ha s access ,  therefore ,  t o al l  th e informatio n necessar y t o mimi c th e rewar d 

signa l  an d hence ,  on e o f  th e unit s i n H I G H N E T receive s rewar d informatio n a s a 

trainin g signal ,  compute s a n errro r  signal ,  an d propagate s i t  backward s throug h 

H I G H N ET usin g th e back-propagatio n procedure . 

Not e tha t  fo r  a  give n configuratio n o f  weight s i n th e network ,  th e entir e patter n o f 

activatio n throughou t  bot h L O W N ET an d H I G H N E T i s determine d b y th e environmen t 

throug h it s activatio n o f  th e sensor y unit s [th e environmen t  ca n influenc e th e 

modificatio n o f  th e weight s b y wa y o f  th e rewar d signal ,  bu t  th e rewar d ha s n o direc t 

influenc e o n th e respons e o f  th e network] .  A s H I G H N E T learn s t o mimic/predic t  th e 

rewar d signal ,  L O W N ET begin s t o adap t  suc h tha t  th e ne t  input ,  consistin g o f  th e 
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combined pattern of sensory and motor activity, to HIGHNET will maximize the mimicked 

rewar d signal ,  fo r  a  give n configuratio n o f  weight s i n H I G H N E T .  T o accomplis h this , 

H I G H N ET translate s th e scala r  rewar d signa l  int o a  mor e detaile d patter n o f  erro r 

informatio n fo r  th e moto r  units . 

H I G H N ET thu s serve s a s a  "menta l  model "  o f  th e environment ,  i n tha t  i t  mus t  lear n t o 

accuratel y predic t  combination s o f  sensory-moto r  activit y tha t  yiel d favorabl e feedbac k 

fro m th e environment . 

The ful l  networ k architecture ,  incorporatin g L O W N ET an d H I G H N E T ,  i s displaye d i n 

Figur e 1 .  I t  consist s o f  five  distinc t  population s o f  units :  a  se t  S  o f  sensor y unit s i s 

activate d b y som e physica l  stimulus ;  a  se t  K  receive s activatio n fro m S ;  a  se t  M o f  moto r 

unit s receive s activatio n fro m K  [th e populatio n M directl y control s th e organism' s 

moto r  response] ;  a  se t  H  receive s activatio n fro m bot h S  an d M ;  an d se t  R  [whic h 

consist s o f  bu t  a  singl e unit ]  receive s activatio n fro m H . 

Thus ,  th e networ k ca n b e viewe d a s tw o overlappin g three-laye r  feed-forwar d 

networks ,  eac h mad e u p o f  a n inpu t  layer ,  a n intermediat e (hidde n unit )  layer ,  an d a n 

outpu t  layer .  Eac h o f  th e tw o network s i s strictl y layered ;  tha t  is ,  th e hidde n unit s 

receiv e activatio n fro m th e inpu t  unit s onl y an d th e outpu t  unit s receiv e activatio n 

fro m th e hidde n unit s only .  Th e five  populatio n set s describe d abov e ma p ont o L O W N ET 

and H I G H N E T a s outline d i n Tabl e 1 .  Th e architectur e ca n b e generalize d t o arbitrar y 

number s o f  intermediat e layer s i n eithe r  network ,  an d th e inpu t  t o H I G H N E T ma y 

presumabl y b e expande d t o includ e unit s fro m th e intermediat e layer(s )  o f  L O W N E T. 

T A B LE 1 .  Layere d Structur e o f  L O W N ET an d H IGHNE T 

N E T W O RK 

L O W N ET 

HIGHNET 

Inpu t 
S 

S u m 

LAYERS 
Intermediat e 

K 

H 

Outpu t 
M 

R 
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Networ k Processin g 

Notation. The activity levels of the various units throughout the network are 

denote d b y th e lowe r  cas e lette r  correspondin g t o th e population ,  wit h a  subscrip t 

specifyin g th e individua l  uni t  (se e Figur e 1) ;  fo r  example ,  S 2 i s th e activit y leve l  o f  uni t 

2 i n th e populatio n se t  S .  Th e singl e uni t  occupyin g populatio n R  i s a n exception ;  it s 

activit y leve l  i s  denote d r  (wit h n o subscript) .  Th e reward ,  o r  evaluativ e signal ,  fro m 

th e environmen t  i s denote d e .  Th e weigh t  value s ar e specifie d b y th e symbol  w  wit h a 

superscrip t  denotin g th e "postsynaptic "  populatio n se t  followe d b y a  superscrip t 

denotin g th e "postsynaptic "  populatio n set ,  an d subscript s denotin g th e individua l  unit s 

withi n thos e sets . 

Al l  th e unit s i n th e network ,  wit h th e exceptio n o f  thos e receivin g direc t  inpu t  fro m 

th e environment ,  comput e thei r  response s accordin g t o a  semi-linea r  rule ,  tha t  passe s a 

weighte d linea r  su m o f  th e input s throug h a  nonlinea r  nondecreasin g continuou s 

functio n (f) .  Hence ,  a  generi c uni t  compute s it s activit y y j  a s a  functio n o f  it s  inpu t 

value s X j  an d th e correspondin g weight s w -  accordin g t o th e formul a 

y.  =  f I w ^ X [1 ] 
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Figur e 1 .  Architecture .  A n exampl e networ k i s illustrated .  Sensor y inpu t 

acros s th e S  populatio n activate s th e K  populatio n an d i n tur n th e 

moto r  populatio n (M )  vi a th e connection s o f  L O W N ET [•] .  Th e 

combine d activitie s o f  th e sensor y an d moto r  population s provid e th e 

inpu t  t o H IGHNET .  Th e connection s o f  H I G H N E T [• ]  ar e modifie d suc h 

tha t  th e uni t  r  come s t o predic t  th e rewar d signa l  e . 
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Applying (1) to the network architecture described above yields the following set of 

equation s fo r  th e activit y values : 

k.  =  f 

L J 

m.  =  f 

KS 
w ,  s 

>J J 

M K, 
w. .  k . 

L J 
i j  J 

h .  =  f 
L j  . J  J  j  ^ J  J 

r  =  f 

L J 

RH . 
w.  h . 

J J 

[2a ] 

[2b ] 

[2c ] 

[2d ] 

T w o Concurren t  Learnin g Procedure s 

Rationale .  A  learnin g algorith m fo r  minimizin g a  quantit y Q  ca n b e obtaine d b y th e 

gradien t  descen t  assumptio n 

A w = - i £ ^ 
»j  a w 

[3 ] 

Removal  o f  th e minu s sig n fro m [3 ]  wil l  resul t  i n a  learnin g rul e tha t  seek s m a x i m u m 

value s o f  Q  b y gradien t  ascent . 

I f  th e dependenc e o f  th e rewar d signa l  o n th e weight s o f  L O W N ET wer e known ,  th e 

gradien t  descen t  techniqu e coul d b e applie d directl y t o L O W N E T,  an d ther e woul d b e n o 

need t o introduc e an y mor e complexit y t o th e network .  However ,  th e requisit e partia l 

derivative s depen d o n detail s o f  th e environmen t  tha t  ar e no t  know n t o th e naiv e 

organism .  However ,  a  two-stag e applicatio n o f  gradien t  descen t  rule s ca n b e use d t o ge t 

at  thi s problem .  Takin g bot h ih c sensor y an d th e moto r  activitie s a s input ,  H IGHNE T 

generate s a  predicte d rewar d signa l  r .  Th e connection s o f  H I G H N E T ar e modifie d s o a s t o 

perfor m a  gradien t  descen t  i n th e square d differenc e betwee n r  an d th e actua l  rewar d e . 
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Sinc e th e dependenc e o f  r  (bu t  no t  e )  o n th e connectio n strength s o f  L O W N ET ca n b e 

compute d i n term s o f  networ k variables ;  henc e the y follo w a  differen t  learnin g rule , 

one whic h perform s gradien t  ascen t  i n r .  Thu s th e learnin g dynamic s ar e base d o n th e 

followin g assumptions : 

[4a] A w. 
»J 3 w 

i j 

[w.. € H IGHNET ] 

Aw. .  = 
* w 

[w. .  e  L O W N E T] [4b ] 

Fro m thes e assumtions ,  learnin g rule s ar e t o b e derive d fo r  bot h net s tha t  ar e 

"factorable "  i n th e sens e tha t  th e expressio n fo r  th e chang e i n an y give n weigh t  i s th e 

produc t  o f  a  postsynapti c facto r  an d th e presynapti c activit y value .  Fo r  H I G H N E T ,  th e 

postsynapti c facto r  i s referre d t o a s th e effectiv e predicto r  erro r  6  an d fo r  L O W N ET 

i t  i s  th e effectiv e predicto r  enhancemen t  e ;  sinc e thes e value s depen d o n th e 

respons e a t  th e to p leve l  (R )  an d ar e propagate d bac k dow n th e network ,  th e e  valu e 

must  b e evaluate d fo r  (o r  by )  al l  unit s i n th e network ,  wherea s computatio n o f  d  i s 

require d fo r  th e H I G H N E T unit s (set s R  an d H )  only .  Th e value s o f  5  an d E  fo r  eac h o f  th e 

populatio n set s an d th e modificatio n rule s fo r  thei r  inpu t  connectivitie s ar e give n i n 

Tabl e 2 . 

T A B LE 2 .  Back-Propagatio n Formula e fo r  th e Entir e Networ k 

Networ k Populatio n Eff .  Erro r  Eff .  Enhancemen t  Modificatio n Functio n 

R 5^ = (e-r) f(r) E^ = f(r) 

H 8" = w^»5^r(h.) e» = w^"eRf (h.) 

HIGHNET 

L O W N ET 

M 

K 

1 1 

e ^  =  I w » ^ e H f(m. ) 
1 j  U  J 

e^  =  I w ^ e ^ ^  f(k ) 

» R H sR , 
A w.  =  0  h . 

1 1 

Aw. .  = a x 
iJ 1  J 

[wher e X e {M,S } 

Aw^ = eMk 

Aw. .  =e?^s . 
u 1  J 
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Simulatio n Methodolog y 

The environmental evaluation (reward) function was evaluated as follows. Each 

sensor y patter n wa s mappe d ont o a  uniqu e moto r  pattern .  Deviation s fro m thi s respons e 

resulte d i n a  diminishe d evaluatio n signa l  e ,  whic h wa s compute d a s th e negativ e 

exponentia l  o f  th e distanc e fro m th e moto r  respons e vecto r  m t o a  "target "  respons e t . 

e =  ex p 
i - J ^ - m) - ( t -m ) _ [5 ] 

I n eac h case ,  th e tw o kind s o f  learnin g wer e performe d separately .  H I G H N E T woul d 

lear n firs t  (fo r  severa l  hundre d thousan d patter n presentations )  b y generatin g rando m 

moto r  response s fo r  eac h sensor y stimulu s presentation .  Thi s flailin g strateg y 

allowe d H I G H N E T t o explor e th e shap e o f  th e evaluatio n functio n ove r  th e spac e o f 

possibl e sensory-moto r  combinations .  I t  wa s foun d tha t  learnin g wa s to o slo w i f  th e 

rando m variable s fo r  th e moto r  unit s wer e distribute d uniforml y ove r  th e rang e o f  th e 

possibl e respons e values .  Hence ,  durin g flailing ,  th e unit s i n se t  M too k o n eithe r  th e 

minimu m o r  maximu m value s o f  th e functio n f  [i n thi s case ,  ±  1] . 

Once H I G H N E T seeme d t o hav e identifie d th e pea k o f  th e rewar d functio n fo r  all ,  o r 

nearl y all ,  o f  th e sensor y patterns ,  th e modificatio n o f  H I G H N E T connection s cease d an d 

L O W N ET wa s permitte d t o function ,  bot h a s th e determine r  o f  th e outpu t  (n o mor e 

flailing) ,  an d a s a  syste m o f  dynami c connectio n strengths .  Th e learnin g i n L O W N ET 

the n proceed s t o driv e u p th e valu e o f  th e estimate d reward ,  r . 

Usin g thi s learnin g procedure ,  th e networ k wa s guide d t o associat e tw o paire d 

patter n set s (s^ t )  o n th e basi s o f  a  rewar d signa l  alone . 

172 



M U N RO 

Simulatio n Result s 

Experiment 1: AND & OR. 

This experiment was performed on a network with N5=2, Nj^=2, Nj^=2, and Njj = 12, 

wher e N ^  i s th e numbe r  o f  unit s i n populatio n X .  Th e fou r  allowe d sensor y stimul i  wer e 

(  ±  1 ,  ±  1) .  Associatin g - 1 wit h "false "  an d + 1 wit h "true" ,  th e desire d respons e patter n t 

ca n b e expresse d a s (tpt2 )  =  (  (s j  A N D S2) ,  (s j  O R S2 )  ) •  Th e pea k i s  foun d afte r 

approximatel y 5000 0 -  6000 0 patter n presentation s i n th e flailin g mode .  A n exampl e o f 

th e function s e( m ,s )  an d r(m,s )  plotte d ove r  m-spac e fo r  th e sensor y patter n (-1,-1 )  i s 

shown i n Figur e 2  afte r  10000 0 patter n presentations .  I t  i s  see n tha t  while  th e detail s o f 

th e functio n d o no t  seeme d wel l  learned ,  th e pea k (t )  ha s bee n identiHed . 

L O W N ET learn s t o generat e hig h value s fo r  r  quit e quickly ,  bu t  du e t o it s  imperfec t 

predictiv e power ,  hig h value s o f  e  d o no t  com e s o quickl y (Tabl e 3) .  Afte r  2000 0 patter n 

presentations ,  r  i s  alread y quit e hig h [note :  th e evaluatio n functio n wa s restricte d t o th e 

rang e 0  <  e  <  0.8] ;  bu t  eve n a t  t = 100000 ,  e  i s no t  s o high . 

T A B LE 3 .  Rewar d Maximizatio n b y L O W N ET i n Experimen t  1 . 

t = 2000 0 

t = 10000 0 
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-1 
-1 
+1 
+1 

-1 
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+1 
+1 

I N 2 
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+1 
•1 
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+1 

0UT1 
-0.99 0 
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-0.59 7 

0.88 2 

-0.99 9 

-0.82 5 

-0.82 7 

0.89 7 

OUT 2 
-0.84 2 

0.62 0 

0.61 9 

0.99 2 

-0.86 8 

0.85 3 

0.85 2 

0.99 9 

R 
0.70 3 

0.82 9 
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0.70 6 

0.70 6 

0.85 0 

0.85 0 

0.70 8 

E 
0.58 3 

0.26 4 

0.26 4 

0.63 1 

0.61 4 

0.50 7 

0.50 7 

0.65 1 
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value s ar e show n fo r  Experinnen t  2 . 

Actua l  (e ) Model  (r ) 

^Signa l  Strengt h " 
[  % o f  maximum] 

• 1 

iiiiiHi;; ; 

1 ; s 

1 : : ; -

80%-100 % 

70%-80 % 

60%-70 % 

50%-60 % 

40%-50 % 

30%-40 % 

20??-30 % 

0%-20 % 

174 



M U N RO 

Experiment 2: NEGATION. 

In the second experiment, a third "negation" unit was added to the set S. The number 

of possible sensory patterns was thus doubled: s = (± 1,± 1,± 1 ). For the case S3 = -1, the 

target responses depended upon s^ and S2 just as in the first experiment; however for 

the case S3 = +1, the signs of the target response values were inverted. In this 

experiment, more flailing time is required to learn to predict the evaluation signal — 

approximately 150000 trials. The functions e(m,s) and r(m,s) are plotted over m-space 

for the sensory pattern (-1,-1,-1) in Figure 3. The reward maximization carried out in 

LOWNET learns to generate good r-values and e-values, but does so quite slowly (300000 

pattern presentations) and has real trouble with the sensory pattern (-1,-1,-1). 

T A B LE 4 .  Rewar d Maximizatio n b y L O W N ET i n Experimen t  2 . 

IN 1 
t = 5000 0 - 1 

-1 
-1 
-1 
+1 
+1 
+1 
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Discussio n 

The question of how instructional information is incorporated by a learning 

procedur e appear s i n variou s incarnation s a t  al l  level s o f  cognitiv e science ,  fro m exper t 

system s t o neurophysiolog y t o networ k models .  Th e recen t  design/discover y o f  th e 

back-propagatio n learnin g procedur e addresse s par t  o f  thi s question .  Whil e ther e ar e 

imponan t  issue s tha t  nee d t o b e irone d ou t  suc h a s biologica l  plausibilit y  (informatio n 

passe s backward s acros s synapses! )  an d psychologica l  plausibilit y  (to o muc h detai l  i n 

th e supervisor y signal!) ,  th e algorith m i s s o powerfu l  an d elegan t  tha t  i t  i s  to o attractiv e 

t o dismiss .  Henc e i t  seem s worthwhil e t o tr y t o mak e i t  fi t  nicel y wit h biologica l  an d 

behaviora l  phenomenology . 

The schem e describe d i n thi s pape r  combine s tw o form s o f  back-propagatio n 

learnin g int o a n architectur e tha t  require s onl y a  singl e (scalar )  rewar d valu e an d no t 

th e explici t  trainin g informatio n require d fro m th e environmen t  back-propagatio n 

learnin g procedur e b y th e "standard "  back-propagatio n algorithm . 
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